This paper examines the intertemporal relation between risk and return for the aggregate stock market using high-frequency data. We use daily realized, GARCH, implied, and range-based volatility estimators to determine the existence and significance of a risk-return trade-off for several stock market indices. We find a positive and statistically significant relation between the conditional mean and conditional volatility of market returns at the daily level. This result is robust to alternative specifications of the volatility process, across different measures of market return and sample periods, and after controlling for macro-economic variables associated with business cycle fluctuations. We also analyze the risk-return relationship over time using rolling regressions, and find that the strong positive relation persists throughout our sample period. The market risk measures adopted in the paper add power to the analysis by incorporating valuable information, either by taking advantage of high-frequency intraday data (in the case of realized, GARCH, and range volatility) or by utilizing the market's expectation of future volatility (in the case of implied volatility index).
INTRODUCTION
The intertemporal relation between risk and return in the aggregate stock market has been one of the most extensively studied topics in financial economics. Most asset pricing models postulate a positive relationship between the market portfolio's expected return and risk, which is often defined by the variance or standard deviation of market returns. In his seminal paper, Merton (1973) shows that the conditional expected excess return on the aggregate stock market is a linear function of its conditional variance plus a hedging component that captures the investor's motive to hedge for future investment opportunities. Merton (1980) indicates that the hedging component becomes negligible under certain conditions, and the equilibrium conditional expected excess return on the market can be approximated by a linear function of its conditional variance:
where is the representative investor's relative risk aversion parameter. This establishes the dynamic relation that investors require a larger risk premium at times when the stock market is riskier.
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all the volatility specifications and for all the equity indexes considered in the paper. In contrast, utilizing the high-frequency data consistently results in a significantly positive risk-return trade-off for all data sets and risk measures adopted in the paper.
An alternative explanation to our finding of a positive risk-return relationship is investors' demand for liquidity premium. Liquidity premium could contribute to such a relationship in two ways. First, the variance measures obtained from high-frequency intraday data could be inflated by the bid-ask spreads and thus become positively correlated with the illiquidity of the asset. Given that investors demand a positive liquidity premium (see, e.g., Amihud and Mendelson, 1991) , this drives a positive relationship between conditional variance measures based on intraday data and expected returns. However, this explanation is unlikely to be the sole driver of our findings.
One of the assets we analyze is the S&P 500 index futures. It is one of the most liquid assets available, and the effect of bid-ask spread on realized variance measures for this series is likely to be small. We also use the options implied volatility and range as alternative volatility measures and find similar results. These two volatility measures are more robust to the effect of bid-ask spread and other market microstructure issues. Second, as argued by Vayanos (2003) , investors may have a time-varying liquidity preference arising from investment constraints: when volatility increases, many investors face an 'implicit leverage' constraint and therefore demand a higher liquidity premium. Implicit leverage thus creates a link between volatility and expected returns in addition to the risk-return relation derived in a Merton (1980) type setting. Under this scenario, high-frequency data would allow us to better capture the effect of time-varying liquidity premium on the risk-return relation.
The paper is organized as follows. Section 2 presents alternative measures of market risk. Section 3 describes our investigation of the risk-return trade-off and relevant features of the data. Section 4 provides the empirical results. Section 5 runs a battery of robustness checks. Section 6 concludes.
ALTERNATIVE MEASURES OF MARKET RISK

Realized Volatility
The daily realized variance (standard deviation) of market returns is traditionally measured by the squared (absolute) daily index returns, where the market return is defined as the natural logarithm of the ratio of consecutive daily closing index levels. Bollerslev (1998a, 1998b) indicate that these traditional measures are poor estimators of day-by-day movements in volatility, as the idiosyncratic component of daily returns is large. They demonstrate that the realized volatility measures based on intraday data provide a dramatic reduction in noise and a radical improvement in temporal stability relative to realized volatility measures based on daily returns. Andersen et al. (2003) show formally that the concept of realized variance is, according to the theory of quadratic variation and under suitable conditions, an asymptotically unbiased estimator of the integrated variance and thus it is a canonical and natural measure of daily return volatility.
Following the recent literature on integrated volatility, we use the high-frequency intraday data to construct the daily realized variance and standard deviation series. To set forth notation, let P T denote the time T T ½ 0 index level with the unit interval T corresponding to one day. The discretely observed time series process of logarithmic index returns with q observations per day, 1173 or a return horizon of 1/q, is then defined by R q ,T D ln P T ln P T 1/q 2 where T D 1/q, 2/q, . . .. We calculate the daily realized variance of a market index using the intraday high-frequency (5-minute) return data as where q T is the number of 5-minute intervals on day T and R i,T is the portfolio's logarithmic return in 5-minute interval i on date T. The second term on the right-hand side adjusts for the autocorrelation in intraday returns. 6 VAR realized T is the daily realized variance of the value-weighted index returns. 7 In addition to variance, we use standard deviation, STD realized T
, of the value-weighted index returns as an alternative measure of market risk. French et al. (1987) use a GARCH-in-mean process to estimate the ex ante relation between risk premiums and volatility. Their empirical analyses with the GARCH model of Bollerslev (1986) are based on daily index return series. We also utilize a GARCH-in-mean model to estimate the ex ante relation between conditional mean and conditional volatility. In contrast to their study, we use high-frequency intraday (instead of daily) data to estimate the ex ante measures of conditional volatility. Specifically, we use a similar version of the MA(1)-GARCH(1,1) model of Andersen and Bollerslev (1998b) and parameterize the conditional variance of 5-minute returns as a function of the last period's unexpected news, the last period's variance, and a number of trigonometric terms (sine and cosine) that capture intraday seasonality and obey a strict periodicity of one day. Let 2 q ,T denote the conditional variance of R q ,T based on the information set up to time T 1/q. With a sampling frequency of q observations per day, the GARCH-in-mean process is given by the following equations:
GARCH Volatility
where R q ,T is the 5-minute return, ε q ,T is the error process and can be viewed as unexpected news or information shocks, and cos(.) and sin(.) terms capture intraday activity patterns and 1174 T. G. BALI AND L. PENG systematic calendar effects prevalent in high-frequency returns. 8 The first-order moving average term in equation (4) accounts for the strong serial correlation in high-frequency returns.
To investigate the relation between market risk and return at the daily level, we then compute the one-day-ahead conditional variance forecast of index returns by summing the one-step-ahead (5-minute), two-steps-ahead (10-minute), . . . forecasts over the next day and obtain a one-day-ahead GARCH volatility forecast. The sum of the conditional variance forecasts of 5-minute returns for the period from 9 : 30 EST to 16 : 00 EST gives
where q T is the number of 5-minute intervals on day T, VAR GARCH T,f is the daily GARCH variance forecast for day T and 2 1,T,f , 2 2,T,f , . . . are the one-step-ahead, two-steps-ahead, . . . conditional variance forecast of 5-minute returns for day T based on the information set up to day T 1. We define the daily standard deviation estimator of the GARCH-in-mean model as the square-root of VAR
Implied Volatility
Implied volatilities are considered to be the market's forecast of the volatility of the underlying asset of an option. Specifically, the Chicago Board Options Exchange (CBOE)'s new VIX implied volatility index provides investors with up-to-the-minute market estimates of expected volatility by using real-time S&P500 index option bid/ask quotes. The new VIX, introduced on September 22, 2003, is obtained from the European-style S&P 500 index option prices and is a model-free implied volatility series based on the approach of Britten-Jones and Neuberger (2000) . 9 As an alternative to daily realized and GARCH volatility estimators, we use the implied variance (VAR implied T ) of the S&P 500 cash index returns and its square-root, the implied standard deviation (STD implied T ), to examine the intertemporal relation between risk and return for the aggregate stock market.
MEASURING RISK-RETURN RELATIONSHIP
Time-Series Regressions
This paper investigates the intertemporal relation between conditional mean and conditional volatility of market returns at the daily level in the following form:
8 Following Andersen and Bollerslev (1998b) , we assume the error process to follow a normal distribution when estimating equations (4)-(5) with maximum likelihood methodology. As will be discussed in the robustness section, we also use the generalized t distribution of McDonald and Newey (1988) . The results are found to be robust across different conditional density specifications. 9 Recent studies that employ the new VIX index include Bollerslev and Zhou (2005) . At an earlier stage of the study, we also use the old implied volatility index (VOX), which is a weighted index of American implied volatilities calculated from eight near-the-money, near-to-expiry, S&P 100 call and put options based on the Black-Scholes pricing formula. The results are qualitatively similar and available upon request.
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where R T is the daily excess return of the market portfolio and ε T is the residual term. The coefficients˛andˇ1, according to Merton's (1973) . We also test an alternative form of the risk-return trade-off at the market level, by examining whether the slope of the capital market line or the market price of risk is positive. We use the following discrete-time specification of Merton (1980) :
whereˇ2 is the market price of risk, or the slope of the capital market line. Similar to equation (7) for the GARCH volatility forecast. Positive values forˇ1 andˇ2 imply the existence of a risk-return trade-off, indicating that the expected returns are higher as the risk level for the market increases. Campbell (1987) and Scruggs (1998) point out that the approximate relationship in equation (1) may be misspecified if the hedging term in ICAPM is important. To make sure that our results from estimating equations (7) and (8) are not due to model misspecification, we added to the regressions a set of control variables that have been used in the literature to capture the state variables that determine changes in the investment opportunity set:
where X T 1 denotes the lagged macro-economic variables proxying for business cycle fluctuations.
As presented in equations (7)- (10), we use the lagged realized and implied volatility as a proxy for the expectation of the current period's volatility. This is justified by the fact that the daily realized and implied variances and standard deviations are highly persistent.
11 For instance, the first-order serial correlations of the daily realized volatilities range from 0.52 to 0.65. The corresponding figures are 0.97 and 0.98 for the daily implied volatilities. To check the robustness of our findings, we also construct the conditional forecasts of the daily realized variance and standard deviation using an autoregressive moving average (ARMA) process. The following ARMA(p, q) specification is used to forecast daily realized volatility of market returns:
10 A similar proxy is used by Goyal and Santa-Clara (2003) and Bali et al. (2005) for the monthly realized volatilities. 11 As argued by Stambaugh (1999) , there exists a small sample bias in predictive regressions of the sort we use in this paper, because the regression disturbances are correlated with the regressors' innovations, and hence the expectation of the regression disturbance conditional on the future values of regressors no longer equals zero. The small sample bias indicated by Stambaugh (1999) , under the normality assumption and when the repressors follow an AR(1) process, is
, where 2 v is the variance of the regressors' innovations, is the autoregressive coefficients of regressors, uv is the correlation between the error terms, and T is the sample size. The magnitude of the bias decreases with the sample size. Since our sample consists of more than 20 years of daily data for SP500 Index Futures and CRSP Value-Weighted index and 16 years of daily data for SP500 Cash index, we expect the effect of the small sample bias on our estimates to be minor. 
We use the fitted values of equations (11) and (12), denoted by VAR realized T,f and STD
, in the ICAPM equation to examine the risk-return trade-off.
12 Andersen et al. (2003) use a similar ARMA process with lag polynomials up to 5 days (p D 5, q D 5) to forecast the future realized volatility. The estimated values ofˇ1 andˇ2 are robust across different lag specifications. As will be discussed, the results remain similar when we replace lagged volatilities with the fitted values from ARMA model.
Data
To capture the US stock market returns, we use the daily logarithmic returns on the CRSP valueweighted index, S&P 500 cash index and S&P 500 index futures. Intraday return data for the S&P 500 cash index and S&P 500 index futures are obtained from the Institute for Financial Markets. The CRSP value-weighted index returns are available from July 3, 1962 to December 31, 2002. The daily realized and GARCH volatilities are constructed using intraday data for the following series and periods: S&P 500 cash index (January 3, 1986 to December 31, 2002 , S&P 500 index futures (April 22, 1982 to December 31, 2002 .
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The regular trading hours for the US stock market extend from 9 : 30 EST to 16 : 00 EST. On a regular trading day, there are 78 5-minute intervals. The price of the most recent record in a given 5-minute interval is taken to be the price of that interval. A 5-minute return is then constructed using the logarithmic price difference for a 5-minute interval. The daily realized and GARCH variances of market returns are computed using equations (3) and (6), respectively. Note that the intraday data and the implied volatility data required to construct the daily risk measures only become available after the 1980s. In the following sections, we narrow our analysis to the periods where both the risk and the return measures are available. Table I provides descriptive statistics for the daily market return and volatility measures. 14 Panel A of Table I shows that the average daily return on the US stock market indices ranges from 0.037% for S&P 500 index futures to 0.057% for CRSP value-weighted index, which corresponds to annualized returns of 9.3% and 14.1%. The unconditional standard deviations of daily returns are in the range of 0.90 for CRSP value-weighted index and 1.12 for S&P 500 cash index. The skewness and excess kurtosis statistics are reported for testing the distributional assumption of normality. The skewness statistics for daily returns are either negative or very close to zero. The excess kurtosis statistics are high and significant at the 1% level, implying that the distribution of market index returns has thicker tails than the normal distribution. The first-order serial correlations for daily index returns are generally small.
Panel B of Table I presents the summary statistics of daily realized variances and standard deviations of market returns. The average daily realized variance is 0.897 ð 10 4 for S&P 500
12 Andersen et al. (2003) develop a framework for the direct modeling and forecasting of realized volatility. They find that specifying and estimating an ARMA-type process produces very accurate realized volatility forecasts and generally dominates the GARCH and related approaches such as exponentially weighted moving average and fractionally integrated EGARCH. 13 We also performed all of the analysis with S&P 100 cash index (January 5, 1987 to December 31, 2002 and Dow Jones (DJ) 30 cash index (January 4, 1993 to December 31, 2002 . The results are similar and are available upon request. 14 The month of the October 1987 crash period is excluded when computing the summary statistics. index futures and 0.912 ð 10 4 for S&P 500 cash index. The average daily realized standard deviation is 0.833 ð 10 2 for S&P 500 cash index and 0.836 ð 10 2 for S&P 500 index futures, which corresponds to an annualized volatility of 13.22% and 13.27%, respectively. A notable point in Panel B is that the daily realized variances and standard deviations are highly persistent, as shown by the AR(1) coefficients, which are in the range of 0.52-0.65. Not surprisingly, the distribution of realized variances has much thicker tails than the distribution of realized standard deviations.
Panel C of Table I gives the descriptive statistics of daily GARCH variances and standard deviations of market returns. The average daily GARCH variance is 0.668 ð 10 4 for S&P 500 cash index and 0.903 ð 10 4 for S&P 500 index futures. The average daily realized standard deviation is 0.746 ð 10 2 for S&P 500 cash index and 0.874 ð 10 2 for S&P 500 index futures, which corresponds to an annualized volatility of 11.84% and 13.87%, respectively. The skewness and excess kurtosis statistics of GARCH volatilities are very similar to those of the realized volatilities. The daily GARCH volatilities are slightly more persistent than the daily realized volatilities. The first-order autoregressive coefficients range from 0.67 for S&P 500 index futures to 0.79 for S&P 500 index futures.
The daily implied volatility data are obtained from the CBOE for the period of January 2, 1990 to December 31, 2002. Panel D of Table I shows the summary statistics of daily implied variance and standard deviation, which are computed from the CBOE's annualized new implied volatility index as [VIX/ 100 ð p 252 ] 2 and VIX/ 100 ð p 252 , respectively. The average daily implied variance is about 1.77 ð 10 4 and the average daily implied standard deviation is about 1.26 ð 10 2 . The daily implied volatilities are on average higher than the daily realized volatilities, and the difference can be due to the volatility risk premium and the fact that realized volatilities do not include overnight returns. The skewness and excess kurtosis statistics indicate that the distribution of daily implied volatility is skewed to the right and has thicker tails than the normal distribution. Both statistics are much lower than those for the daily realized and GARCH volatilities.
EMPIRICAL RESULTS FROM TIME-SERIES REGRESSIONS
Regression Results from Realized Volatility
Table II presents the regression results for various stock market indices. Since the CRSP valueweighted index has been widely used in previous studies to proxy for the market, we use it to capture daily returns for the aggregate stock market. In addition, we also adopt other measures of market return from the S&P 500 cash index and S&P 500 index futures. We report the regression results for each risk measure where the dependent variable is either the corresponding market returns or the CRSP value-weighted index returns.
Panel A of Table II examines the relation between daily realized volatility constructed from intraday returns on S&P 500 cash index and the daily excess return on S&P 500 cash and CRSP value-weighted index. In the first two rows, market risk is measured by the lagged realized variance. The results show that the lagged S&P 500 cash index variance is positively and significantly related to the market returns. The estimated coefficients on the lagged realized variance correspond to a relative risk aversion parameter of 5.57 for S&P 500 cash index and 4.79 for CRSP value-weighted index. The Newey-West (1987) adjusted t-statistics show that both coefficients are significant at the 1% level. The adjusted R 2 values are about 1%, which is of reasonable magnitude considering the degree of noise in daily index returns, and is consistent with previous studies. Note that the realized volatility measures underestimate the total daily return variation due to the exclusion of the overnight period. Consequently, the values of the estimated slope coefficients, although not the corresponding t-statistics, will be upward biased. This same concern applies to other results in the paper that use realized volatility measures.
The last two rows of Panel A of Table II show the regression results where market risk is measured by the lagged realized standard deviation. The daily market price of risk is estimated to be 0.11 for S&P 500 cash index and 0.09 for CRSP value-weighted index, corresponding to monthly levels of 0.50 and 0.39, respectively, assuming 21 trading days in a month. Both coefficients are also significant at the 5% level based on the Newey-West standard errors. The adjusted R 2 s are about 0.2%, smaller than those in the first two rows. Panel B of Table II employs the high-frequency intraday returns on S&P 500 index futures to calculate realized volatility and investigates its relation with the daily returns on S&P 500 index futures and CRSP value-weighted index. We observe similar patterns in the market risk-return relation. As shown in Panel B, the estimated relative risk aversion coefficient and the market price of risk parameters are positive and significant at the 5% or 1% level based on the Newey-West standard errors.
We further investigate the robustness of our findings using macro-economic variables that proxy for business cycle fluctuations. We include the following variables in equations (9) and (10): the federal funds rate which is a closely watched barometer of the tightness of credit market conditions in the banking system and the stance of monetary policy; the default spread calculated as the difference between the yields on BAA-and AAA-rated corporate bonds; the term spread calculated as the difference between the yields on the 10-year Treasury bond and the three-month Treasury bill. The macro-economic variables are obtained from the Federal Reserve statistics release website. As a final variable, we include the lagged return on the market to control for the serial correlation in daily returns that might spuriously affect the risk-return trade-off. are the daily realized variance and standard deviation of market returns. R T 1 is the lagged excess return on the market. FED is the federal funds rate. DEF is the default spread calculated as the difference between the yields on BAA-and AAA-rated corporate bonds. TERM is the term spread calculated as the difference between the yields on the 10-year Treasury bond and the three-month Treasury bill. The dependent variable is the one-day-ahead excess return on the S&P 500 cash index, S&P 500 index futures, or CRSP value-weighted index. In each regression, the first row gives the estimated coefficients. The second row gives the Newey-West adjusted t-statistics. The regression results with control variables are demonstrated in Table III . Compared to the results in Table II , the estimated parameters of relative risk aversion and market price of risk remain very similar, both in magnitude and statistical significance. In fact, almost all the parameters become even more significant after incorporating business cycle variables. Inclusion of the macroeconomic variables seems to reduce the noise in daily index returns and strengthens the positive relation between risk and return. The estimated coefficients on these macro-economic variables are, however, insignificant in most regressions. Thus, the control variables which proxy for future investment opportunities do not seem to affect the positive risk-return trade-off.
The results presented in Tables II and III use the lagged realized volatility as a proxy for the expectation of the current period's volatility. To check the robustness of our findings, we construct the daily conditional forecasts of the realized variance and standard deviation of market returns using the ARMA model with lag polynomials of one, two, three, four, and five days. The estimated values ofˇ1 andˇ2 are robust across different lag specifications. We provide the results with lag polynomials up to five days following Andersen et al. (2003) . As shown in Panel A of Appendix A, the estimated coefficients on the expected conditional realized variance are about 8.15 for S&P 500 cash index and 7.15 for CRSP value-weighted index. The Newey-West adjusted t-statistics show that both coefficients are significant at the 1% level. The last two rows of Panel A show that the coefficients on the conditional standard deviation are estimated to be 0.11 for S&P 500 cash index and 0.10 for CRSP value-weighted index, and both coefficients are significant at the 5% level. Panel B also demonstrates a similar pattern in the market risk-return relation when S&P 500 index futures are used to construct daily conditional forecasts of realized volatility. The results in Appendix A indicate that the parameter estimates are similar when we replace the lagged volatilities by the conditional forecasts of daily realized volatility.
Regression Results from GARCH Volatility
We examine the market risk-return relation using a GARCH-in-mean model specified in equations (4) and (5) and estimated with high-frequency intraday returns. The MA(1)-GARCH (1,1) processes with sine and cosine terms are estimated with the maximum likelihood method for the S&P 500 cash index and S&P 500 index futures. The maximum likelihood parameter estimates and the t-statistics obtained from Bollerslev-Wooldridge (1992) robust standard errors are shown in Appendix B.
To examine the risk-return trade-off at the daily level with the GARCH conditional volatility forecasts, we compute the one-day-ahead conditional variance forecast of index returns by summing the one-step-ahead (5-minute), two-steps-ahead (10-minute), . . . conditional variance forecasts of 5-minute returns over the day. Table IV presents the regression results for the daily GARCH volatilities for various stock market indices. Panel A of Table IV examines the relation between daily GARCH volatilities of S&P 500 cash index returns and the daily excess return on the S&P 500 cash and CRSP value-weighted index. As shown in the first two rows of Panel A, there is a significantly positive relation between the GARCH variance of S&P 500 cash index and the excess return on the market. The estimated coefficients on the daily GARCH variance correspond to a relative risk aversion parameter of 11.25 for S&P 500 cash index and 9.79 for CRSP valueweighted index. The Newey-West adjusted t-statistics indicate that both coefficients are significant at the 1% level.
The last two rows of Panel A show the regression results where market risk is measured by the GARCH standard deviation forecast. The daily market price of risk is estimated to be 0.15 for S&P 500 cash index and 0.13 for CRSP value-weighted index, corresponding to the monthly level of 0.7 and 0.6, respectively. Both coefficients are significant at the 5% level with the Newey-West standard errors. Panel B of Table IV presents a similar pattern in the risk-return trade-off when the S&P 500 index futures are used to construct daily GARCH volatilities. The results in Table IV provide strong evidence of a positive relation between risk and return for the aggregate stock market. It is worth noting that the risk-return trade-off parameters with daily GARCH volatilities are consistent with the parameters directly estimated from the GARCH-in-mean equation with 5-minute returns. are the one-day-ahead GARCH variance and standard deviation forecasts of market returns. To compute the one-day-ahead conditional variance forecast of index returns, we sum the one-step-ahead (5-minute), two-steps-ahead (10-minute), . . . conditional variance forecasts over the day. The dependent variable is the one-day-ahead excess return on the S&P 500 cash index, S&P 500 index futures, or CRSP value-weighted index. In each regression, the first row gives the estimated coefficients. The second row gives the Newey-West adjusted t-statistics. To further investigate the robustness of our results with daily GARCH volatilities, we include the macro-economic variables known to forecast the stock market and the lagged excess return in the ICAPM equation. The regression results are given in Table V . Compared to the results in Table IV , the estimated parameters of relative risk aversion and market price of risk remain very similar, both in magnitude and statistical significance. The t-statistics of these parameters are higher for all indices and risk measures. Similar to our findings with the realized volatility, inclusion of these macro-economic variables seems to reduce the noise in daily index returns and strengthens the positive relation between GARCH volatility and the excess market return.
smoothed forecasts of expected volatility, whereas the daily realized volatilities are obtained from the realized intraday returns and are more sensitive to outlier and microstructure effects for the less liquid stocks in the S&P500 cash index. are the one-day-ahead GARCH variance and standard deviation forecasts of market returns. R T 1 is the lagged excess return on the market. FED is the federal funds rate. DEF is the default spread calculated as the difference between the yields on BAA-and AAA-rated corporate bonds. TERM is the term spread calculated as the difference between the yields on the 10-year Treasury bond and the three-month Treasury bill. The dependent variable is the one-day-ahead excess return on the S&P 500 cash index, S&P 500 index futures, or CRSP value-weighted index. In each regression, the first row gives the estimated coefficients. The second row gives the Newey-West adjusted t-statistics. The positive risk-return relation estimated with the GARCH models using high-frequency data is strikingly strong and robust compared to the results from previous studies with a similar focus using GARCH, but with lower frequency data. There is a long GARCH literature that has tried to identify the existence of a positive trade-off between risk and return. These studies with different sample periods, different data sets, and different volatility specifications often lead to inconclusive results. 17 One might argue that the reason we get significantly positive and robust results is the possibility that the risk-return relation is more stable during our sample period, 1184 T. G. BALI AND L. PENG and not because of the power of intraday data. To demonstrate the contribution of high-frequency data, we estimate three GARCH specifications commonly used in the literature with daily data and compare the results with our original GARCH estimates using the high-frequency intraday data.
The results are presented in Appendix C. We estimate MA(1) GARCH-in-mean, MA(1) EGARCH-in-mean, and MA(1) GJRGARCH-in-mean specifications for the S&P 500 cash index and S&P 500 index futures. 18 The maximum likelihood estimates of the relative risk aversion parameter and the corresponding t-statistics obtained from Bollerslev-Wooldridge robust standard errors are presented in the table. The results indicate that although the risk-return trade-off estimated with the three GARCH models and daily data for our sample period is positive, it is not statistically significant for any of the volatility specifications and the equity indexes considered in the paper. 19 In contrast, employing the high-frequency data in GARCH models has consistently resulted in a significantly positive risk-return relation at least at the 5% or 1% level for all the equity indexes.
Regression Results from Implied Volatility
Table VI tests whether there is a significantly positive relation between implied volatility and the expected market risk premium. Since the new VIX is an implied volatility index obtained from the S&P 500 index options, the S&P 500 cash index is used to proxy for market returns. We also consider the widely used CRSP value-weighted index to proxy for the market.
Table VI presents the parameter estimates from regressing the one-day-ahead S&P 500 cash and CRSP value-weighted index returns on the daily implied volatility index. As shown in the first two rows of Panel A, there is a significantly positive relation between the lagged implied variance and the excess market return. The estimated coefficients on the daily implied variance correspond to a relative risk aversion parameter of 3.54 for S&P 500 cash index and 2.78 for CRSP value-weighted index. The Newey-West adjusted t-statistics indicate that both coefficients are significant at the 5% level. The last two rows of Panel A display the regression results where market risk is measured by the lagged implied standard deviation. The daily market price of risk is estimated to be 0.10 for S&P 500 cash index and 0.09 for CRSP value-weighted index. Both coefficients are significant at the 5% level based on the Newey-West standard errors.
To check the robustness of our results with daily implied volatilities, we include the macro variables and the lagged excess return in the ICAPM equation. The regression results are given in Panel B of Table VI. Compared to the results in Panel A, the estimated parameters of relative risk aversion and market price of risk are higher, both in magnitude and 1970-1987, but fail to obtain a significant coefficient estimate. Nelson (1991) uses the exponential GARCH (EGARCH) model with a fat-tailed GED density, and finds a negative and significant relation for the period 1962 -1987 . Campbell and Hentschel (1992 use an asymmetric GARCH model and find the relation to be positive for 1926-1951 and negative for 1952-1988 , but neither is statistically significant. Glosten et al. (1993) use the monthly data from 1951 to 1989, and find a negative but insignificant relation from two asymmetric GARCH-in-mean models. Scruggs (1998) uses a bivariate EGARCH-in-mean model, and finds a positive and significant relation for the period 1950-1994. 18 The GJR-GARCH model introduced by Glosten et al. (1993) and the EGARCH model proposed by Nelson (1991) allow positive and negative shocks to have different impacts on the conditional variance. 19 To accommodate leptokurtosis and tail thickness in the distribution of the error process, we also use the generalized t distribution of McDonald and Newey (1988) in estimating the three GARCH-in-mean models with daily data. Since the qualitative results turn out to be very similar to those reported in Appendix C we do not present them in the paper. They are available upon request. are the daily implied variance and standard deviation of market returns. R T 1 is the lagged excess return on the market. FED is the federal funds rate. DEF is the default spread calculated as the difference between the yields on BAA-and AAA-rated corporate bonds. TERM is the term spread calculated as the difference between the yields on the 10-year Treasury bond and the three-month Treasury bill. The dependent variable is the one-day-ahead excess return on the S&P 500 cash index or CRSP value-weighted index. In each regression, the first row gives the estimated coefficients. The second row gives the Newey-West adjusted t-statistics. 
The Risk-Return Trade-Off Over Time
Harvey (1989), Chou et al. (1992) , Whitelaw (1994) , and Lettau and Ludvigson (2004) suggest that the risk-return relationship may be time-varying. Therefore, we estimate the dependence of expected returns on the lagged realized variance over time using rolling regressions. This also allows us to check whether our results are driven by a particular sample period. We focus on the returns and realized variance measures constructed from S&P 500 index futures and S&P 500 cash index. We estimate the risk-return relation specified in equation (7) for the two market indices with rolling sample periods. Owing to the extreme movements of the stock market during the October 1987 crash, we exclude this month from our rolling regressions.
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The rolling window is set to be about half of the entire sample period for each index: 2177 daily observations are used for S&P 500 index futures and 2002 for S&P 500 cash index. For example, the first 2177 daily observations of S&P 500 index futures returns and its realized variance (from April 22, 1982 to January 3, 1991) are used for estimation of the relative risk aversion parameter for January 3, 1991. The sample is then rolled forward by removing the first observation of the sample and adding one to the end, and another one-step-ahead risk-return relationship is measured. This recursive estimation procedure is repeated until December 31, 2002. The estimated relative risk aversion parameter over the rolling sample period represents the average degree of risk aversion over that sample period. Computation of the relative risk aversion parameters using a rolling window of data allows us to observe the time variation in investors' average risk aversion. Figure 1 plots the estimated relative risk aversion parameter (ˇ1) over time. Figure 1 (A,B) demonstrateˇ1 estimates for S&P 500 index futures and S&P 500 cash index, respectively. Both indices produce similar pictures. The risk aversion parameters are always positive throughout the sample period. The parameters are between 3 and 8.7 for S&P 500 index futures, and they are in the range of 2.6-9.6 for S&P 500 cash index. Figure 2 demonstrates the statistical significance of the risk-return relation over time using the t-statistics of the coefficients on lagged realized variance from rolling regressions. The 5% significance level is denoted by the horizontal line at 1.96. Impressively, the risk-return relation is significant for most of the time for the two indices. The relation is particularly strong for S&P 500 index futures. Only a handful of t-statistics out of 3034 are less than 1.96, but they are still very close to the 1.96 line. The results from rolling regressions clearly indicate that the risk-return relation is robust over time; i.e., it is always positive throughout our sample period and statistically significant most of the time.
ROBUSTNESS CHECKS
Measurement Error in Realized Volatility
Several recent studies have shown that the realized volatility in general may differ from the notional volatility by a measurement error. Although the measurement errors have zero expected values and are approximately uncorrelated, nonetheless, for any given time interval there may be empirically relevant deviations between realized volatility and notional volatility (see Andersen et al., 2005, Á is the measurement error. After substituting the observed variables into the risk-return relation in equation (7), we have
The least squares estimator, Ǒ OLS 1 , from the regression of R TC1 directly on VAR realized T is biased (even if 2 T , Á T , and ε TC1 are mutually independent):
where
For illustration purposes, we apply the asymptotic distribution of measurement error derived by Barndorff-Nielsen and Shephard (2002) as
where q T in our empirical analysis is the number of 5-minute intervals on day T and R i,T is the return in 5-minute interval i on date T. We can back out a consistent estimator, Ǒ 1 , where We estimate the risk-return relation in equation (7) using the generalized method of moments (GMM) with the IV approach, with k D 4, and compare the coefficients with the OLS estimates where VAR realized T is used directly. Note that for this section we ignore the cross-product term shown in equation (3). As presented in Appendix D, the parameter estimates from the IV approach remain positive and statistically significant at the 5% or 1% level. Furthermore, they are very similar to the OLS estimates: the relative risk aversion parameters range from 3.55 to 7.87 with VAR realized T , whereas the corresponding figures are in the range of 3.92 to 8.57 with the IV approach. As reported in the last column of Appendix D, the Wald statistics from Hausman (1978) that test for the significance of the measurement error on the risk-return relation cannot reject the hypothesis that the two coefficients are the same. These results show that the risk-return relation identified in earlier sections remains intact after taking into account the measurement error in realized variance.
Estimating GARCH-in-Mean Model with Generalized t Distribution
To assess the impact of non-normal GARCH residuals in the risk-return trade-off, we estimate the conditional mean and conditional variance of 5-minute returns using the MA(1) GARCH-in-mean model similar to that in equations (4) and (5), with the trigonometric terms omitted. 22 We model the errors in the mean equation following the generalized t (GT) distribution of McDonald and Newey (1988) : iD1 R 2 i,T , we focus on the squared term only and ignore the cross-product term in equation (2). There is also a distribution theory for the cross-product term separately (see Barndorff-Nielsen and Shephard, 2003) . However, there is no joint asymptotic distribution known for the two terms. 22 At an earlier stage of the study we have included the same trigonometric terms to the conditional variance to capture intraday seasonality, but it has been our experience while running the estimation procedures with the generalized t distribution that parameter estimation of the GARCH-in-mean models can be very tedious. Given our purpose of generating the one-day-ahead GARCH forecasts from the conditional variance forecasts of 5-minute returns, an obvious requirement is that the parameter convergence occurs reasonably quickly. In some cases, we could not get a global maximum of the likelihood function when we have included a set of sine and cosine terms. In view of these difficulties, we have restricted the specification of the conditional variance of 5-minute returns to follow the standard GARCH(1,1) process. R t , and v and k are positive parameters controlling for the height and tails of the density. The GT density in equation (18) is symmetric about its mean and generalizes both Student's t and GED distributions. Student's t distribution is obtained by letting k D 2 and the GED by letting n grow indefinitely large (n ! 1). Appendix E presents the parameter estimates from the regressions of excess market returns on the daily GARCH volatility forecasts. There is a significantly positive relation between the daily GARCH variance and the excess market return. The estimated coefficients are 6.43 for S&P 500 cash index and 3.59 for S&P 500 index futures, and both are statistically significant at the 1% level.
Investigating Risk-Return Relationship Using Range-Based Volatility Estimators
Market microstructure noises in transaction data such as the bid-ask bounce may influence our risk measures based on the realized volatility and GARCH volatility forecasts, even though the data we use contain very liquid financial time series and thus are least subject to biases created by market microstructure effects. An alternative volatility measure that utilizes information contained in the high-frequency intraday data is the range-based volatility:
where Max ln S T and Min ln S T are in our empirical analysis the highest and lowest log stock market index levels over a sampling interval of one day. Equation (19) can be viewed as a measure of daily standard deviation. In addition to the range standard deviation, we use its square, which we refer to as the daily range variance. Alizadeh et al. (2002) and Brandt and Diebold (2006) show that the range-based volatility estimator is highly efficient, approximately Gaussian and robust to certain types of microstructure noise such as bid-ask bounce. 23 In addition, range data are available for many assets over a long sample period.
We construct the range-based volatility estimators using the daily high and low of S&P 500 cash, S&P 100 cash, and DJ 30 cash index levels. 24 The lagged range variance and standard deviation of market returns are used to predict the one-day-ahead excess return on the market. The regression results are presented in Panels A and B of Appendix F. Similar to our findings from the daily realized, GARCH, and implied volatility estimators, the slope coefficients on the daily range volatility are positive and statistically significant at the 5% or 1% level. These results confirm the power of high-frequency data in measuring market risk and indicate that the strong positive relation between risk and return holds when market volatility is quantified with daily realized variance or daily high-low ranges.
CONCLUSION
This paper provides strong evidence of a positive relation between risk and return for the aggregate stock market using high-frequency data. We construct the daily realized, GARCH, and range-based volatility estimators that incorporate valuable information from intraday returns and thus yield more precise measures of market risk. In addition, the implied volatility index that uses option prices 23 The range-based volatility estimator, however, is only unbiased under very specific distributional assumptions, i.e., under a time-invariant diffusion parameter over the day. Therefore, the risk aversion parameter in equation (1) estimated with range may be biased. 24 The data on daily high and low of S&P 500 index futures are not available, although one could approximate the range from the high-frequency 5-minute returns.
to infer volatility expectations is considered as an alternative measure of risk. These alternative measures of market risk are employed to investigate the existence and significance of a risk-return trade-off for several stock market indices. In support of the ICAPM, we find a positive and statistically significant relation between conditional mean and conditional volatility of market returns at the daily level. This result is robust to alternative specifications of the volatility process, across different market indices, sample periods, and after controlling for macro-economic variables associated with business cycle fluctuations. We also analyze the risk-return trade-off over time using rolling regressions, and find that the strong positive relation persists throughout our sample period. It is important to note that the estimated coefficients of relative risk aversion and market price of risk are not only positive and statistically significant, but they are also consistent with economic intuition and reasonable in magnitude.
What is new about our work is the focus on daily conditional volatility measures that incorporate more information, either by taking advantage of high-frequency intraday data (in the case of realized, GARCH, and range volatility) or by utilizing the market's expectation of future volatility (in the case of the implied volatility index). To compare our results with estimates using lower frequency data as in previous studies, we estimate three GARCH specifications commonly used in the literature to analyze the risk-return trade-off, with daily data instead, and find the relation to be insignificant for our sample period. Thus, alternative measures of market risk adopted here add power to the analysis of the ICAPM relation and allow us to achieve more conclusive results. are the one-day-ahead conditional forecasts of daily realized variance and standard deviation of market returns using an ARMA(5,5) specification. The dependent variable is the excess return on the S&P 500 cash index, S&P 500 index futures, or CRSP value-weighted index. In each regression, the first row gives the estimated coefficients. The second row gives the Newey-West adjusted t-statistics. This table presents is the one-day-ahead GARCH variance forecasts of market returns. To compute the one-day-ahead conditional variance forecast of index returns, we sum the one-step-ahead (5-minute), two-steps-ahead (10-minute), . . . variance forecasts over the day obtained from the GARCH-in-mean model estimated with the generalized t distribution. The dependent variable is the one-day-ahead excess return on the S&P 500 cash index or S&P 500 index futures. In each regression, the first row gives the estimated coefficients. The second row gives the Newey-West adjusted t-statistics. 
APPENDIX C. DAILY RISK-RETURN TRADE-OFF BASED ON DAILY GARCH-IN-MEAN ESTIMATES
